Abstract. This paper proposes a new solution to the vehicle routing problem with time windows using an evolution strategy adopting viral infection. The problem belongs to the NP-hard class and is very difficult to solve within practical time limits using systematic optimization techniques. In conventional evolution strategies, a schema with a high degree-of-fitness produced in the process of evolution may not be inherited when the fitness of the individual containing the schema is low. The proposed method preserves the schema as a virus and uses it by the infection operation in successive generations. Experimental results using extended Solomon's benchmark problems with 1000 customers proved that the proposed method is superior to conventional methods in both its rates of searches and the probability of obtaining solutions. Further experiments using the map of the central part of Tokyo with 20000 intersections and real traffic data also gave that the rate of search of the proposed method is higher than that of the conventional method.
Introduction
The vehicle routing problem with time windows (VRPTW) is a well-known combinatorial optimization problem that arises in delivery services, logistics, and distribution systems [1] [2] [3] . The problem is how to design a set of minimum-cost vehicle routes originating and terminating at a central depot for a fleet of vehicles that services a set of customers with known demands and time-window constraints.
The VRPTW belongs to the NP-hard class [4] and is very difficult to solve within practical time limits using systematic optimization techniques. Metaheuristics have recently been studied, which includes tabu searches [5, 6] , simulated annealing [5, [7] [8] [9] , genetic algorithms (GAs) [5, 6, [10] [11] [12] , evolution strategies (ESs) [13, 14] , and ant-colony optimization [15] [16] [17] . Two-phase hybrid metaheuristics using an evolution strategy has demonstrated especially impressive performance [13] . A (µ, λ)-evolution strategy is used to minimize the number of vehicles in the first search phase. In the second search phase, the total travel distance is minimized with a tabu search algorithm.
In this paper, we propose a method of improving the ES in the two-phase method as the computational cost of the first phase is higher than that of the second. The new method introduces a viral infection into the ES [28] . This is called a virus evolutionary strategy (VES) in this paper. In conventional ESs, a schema with a high degree-of-fitness produced in the process of evolution may not be inherited when the fitness of the individual containing the schema is low. The proposed method preserves the schema as a virus and uses it by the infection operation in successive generations. To use such schema for search is known as a virus genetic algorithm [18] [19] [20] , but no research has yet been published that has reported the introduction of viruses into ESs. While mutations in ESs only carry out local searches, infection greatly changes the chromosomes of the target individual and enables the function of escaping from local optima. The purpose of this study was to improve both the rates of searches and the probability of obtaining solutions in ESs by using infection.
Recently, many researchers have been done for realworld VRPTWs [16, 17, 21, 22] . A Geographic Information System (GIS) and travel time information on a road network are required to solve the real-world problems, while the Euclidean distance is used in the Solomon's benchmark problems. In this paper, the GIS that is used in actual car navigation equipment and historical real traffic data were used to evaluate the proposed method.
The following sections first describe the objective problem and typical solutions to this. Next, we describe how we generated a virus that was specialized for the VRPTW and the algorithm used in the proposed method in detail. Finally, we present the results of experiments using Solomon's benchmark problems with 1000 customers [23] and the map of the central part of Tokyo with 20000 intersections. Figure 1 shows an example of the VRPTW, which consists of a set of identical vehicles (routes), a central depot, and a set of customers. The objective of the VRPTW is to find a set of routes to minimize the number of vehicles needed to supply all customers and the sum of travel time and waiting time for all vehicles under the following constraints. This problem has already been formulated [2, 5] .
Background

Objective problem
-Each customer is only visited once by one of the vehicles.
-Every vehicle has the same capacity, which is greater than or equal to the total demand on the route it travels. -The number of vehicles is less than or equal to a given number. -A vehicle arriving at a customer before its time window must wait. -A solution becomes infeasible if a customer is supplied after its time window has elapsed. -Each route must start and end within the time window associated with the depot.
Typical solution
Homberger and Gehring proposed the (µ, λ)-ES to minimize the number of vehicles in the first search phase of their two-phase hybrid metaheuristics using mutation and modified Or-opt as follows [13] .
Mutation
The following operations are applied to a randomly selected individual from the population.
-Insertion: Two routes are randomly selected from the individual and a customer selected from one route is inserted along the other route to minimize the travel cost. -2-opt: This operation is a kind of crossover in the same individual. First, two routes are randomly selected from the individual. Next, a crossover site is chosen at random and the rear customers are swapped. -Interchange: This operation interchanges customers once between two randomly selected routes. Each customer is chosen at random and inserted in a place in which it can be located.
Modified Or-opt
This operation is intended to reduce the number of customers along the shortest routes in the individual or even eliminate the shortest routes. All possible attempts are subsequently made to locate all customers on the shortest routes along other routes.
Evolutionary algorithm adopting virus infection
Nakahara et al. assumed that the cause of evolution is viral infection [24] . Viruses can transfer genes from one organism to target ones, and may change their chromosomes. In neo-Darwinian evolutionary theory, these organisms have been considered to evolve as follows: the organisms' fittest characteristics for survival are produced by mutation, and these characteristics are inherited by their offspring. However, the probability that mutated dominant individuals will appear and increase in nature is very low. Nakahara et al. explained this problem and they insisted that the viral theory of evolution does resolve four points not fully explained by Darwinism: 1) the rapid evolution of the species, 2) the rapid extinction of the species, 3) evolution progressing in a specific direction, and 4) the occurrence of parallel segregation [24] .
An evolutionary algorithm based on this virus theory of evolution can be written as follows.
procedure virus Evolutionary Algorithm() initialize and evaluate population P (1); create virus population V (1) for(t = 1; t <= upper bound of generation; t + +) apply genetic operators to P (t) and create a temporary population P ′ ; apply infection operator to P ' and create a temporary population P ′′ ; evaluate P ′′ ; get P (t+1) by using P (t) and P ′′ ; get V (t+1) by using V (t) and the difference between P ' and P ′′ ; } Kubota et al. proposed a virus-evolutionary genetic algorithm (VEGA) based on the virus theory of evolution regarding trajectory planning of a cellular manipulator system [18] . Individual and virus populations are defined as a set of candidate solutions and a substring set of the individual population. The procedure of the VEGA is as follows: initialization; repeat until a terminal condition is true {selection; crossover; mutation; infection}. Initialization generates an initial individual population randomly, and then a virus is generated as a substring of an individual. Crossover and mutation are genetic operators that correspond to the problem to be optimized. Coevolution of a individual population and a virus population enable solving optimization problems rapidly.
Kanoh et al. proposed a genetic algorithm adopting viral infection (GAVI) to solve constraint satisfaction problems [19] . The procedure of the GAVI is about the same as VEGA's except for the method of generating the population of viruses. Only partial solutions that satisfy some of the constraints can be considered to be viruses, while the VEGA randomly generates initial viruses. Kanoh also proposed a virus GA applied to dynamic route planning for a car navigation system [20] . The population of viruses in this method is generated from commonly used knowledge.
Solutions for real-world problems
Donati et al. proposed the solution to time dependent VRPTW (TDVRPTW) with an ant colony system [16] . The TDVRPTW consists in optimally routing a fleet of vehicles of fixed capacity when travel times are time dependent, in the sense that the time employed to traverse each given arc, depends on the time of the day the travel starts from its originating node. This paper focuses on the presence of variable traffic conditions on real road networks, like in urban environments, where these conditions can greatly affect the outcomes of the planned schedule. Accounting for variable travel times is particularly relevant when planning in presence of time constraints. The experiments using real data obtained from the Padua logistic district, in the Veneto region of Italy, showed that solutions obtained without considering this variability will result in sub-optimality or unfeasibility with respect to these constraints.
Rizzoli et al. proposed an ant colony optimization for real-world VRPTW [17] . Real problems in a major supermarket chain in Switzerland were discussed. The road network graph has been computed using digital road maps. The distances in kilometers between couples of stores have been rescaled using a speed model, which depends on the distance: longer distances allow a higher average speed. For instance, if the distance is less than 5 km, the average speed is 20 km/h; if the distance is more than 90 km, the speed is 60 km/h; in between there is a range of other speed values.
Caric et al. presented the empirical analysis of iterated local search and simulated annealing for real-world VRPTWs in the area of the city of Zageb, the capital of Croatia [21] . The calculation of travel time is based on the average velocity on a particular street or road segments. If such information is not available then the calculation is based on the rank of the road segments. The road ranking follows the national classification which divides them in sixteen categories.
Interpolation of travel time
In the previous methods described in Section 2.4, the travel time for road links not installed with traffic detectors is calculated by standard times established beforehand, the occurrence of congestion on such a link may generate a discrepancy between actual and computed travel time. To solve this problem, a method for making spatial interpolations of traffic data is needed. Kanoh et al. proposed a method to interpolate traffic data of roads in which no traffic data is provided by using fuzzy c-means (FCM) [25] . Here, a link on which traffic detectors have been installed is referred to as a "metered link" and a link having none is referred to as an "ordinary link." The proposed method is a method for estimating traffic data of ordinary links from traffic data of metered links.
In ordinary clustering, a certain target of classification must belong to one class. But in fuzzy clustering [26] , the degree to which a certain target of classification belongs to a certain class is expressed by a membership function. Here, we consider that n points
, where membership function u ik indicates the degree to which x k belongs to v i . We assume here a metered link to be cluster center v i and an ordinary link to be classification target x k . As membership function u ik indicates the degree to which x k belongs to v i , average speed V (x k ) of cars passing through ordinary link x k can be calculated by the following equation using the average speed of cars V (v i ) passing through metered link v i that ordinary link belongs to and membership function u ik .
The membership functions were described by using the distance and the road class (an expressway, national highway, principal local road, prefectural road, etc.) and tuned by a genetic algorithm.
Proposed method
Chromosome representation and fitness
Each individual in the population with the proposed method (VES) represents a candidate solution that consists of a set of routes. Each route can be expressed by a variable-length sequence of customers who should be visited by one vehicle. Figure 2 shows an example of an individual with 5 routes and 22 customers. Let R j be the j-th route in an individual. Here,
is a customer who the vehicle visits to the l-th, and n j is the number of customers on the route. Figure 3 shows a chromosome representation, where m is the number of routes (vehicles) of the individual.
The fitness of an individual can be expressed by the number of vehicles and the total travel time. Individuals in the ordering process of VES are sorted in increasing order of the number of vehicles. If two or more individuals are with the same number of vehicles, they are sorted in increasing order of the total travel time. Figure 4 shows the schematic diagram of the alternation of generations. First, mutation and modifiedOr-opt produce λ new individuals from randomly selected individuals in the present generation. Second, infection operation is applied to these individuals with a probability of P inf using viruses in the virus population. Third, the top µ-1 individuals are selected from the temporary population as the next generation. And finally, the elite individual in the present generation is copied to the next generation without modification.
General procedure
The general procedure for the proposed method is given below, where P (t) is the population at generation t and Top (n, P ) is a set of top n individuals in population P . Mutation and modified Or-opt operation in the procedure have already been reported [13] (see Section 2). The other operations will be described in detail in the following sections.
Procedure VES() initialize population P (1); for(t = 1; t <= upper bound of generation; t + + ){ empty temporary population P ';
: : : for(i = 1; i <= λ; i + + ){ x = select an individual from P (t) at random; Mutation(x); Modified-Or-opt(x); Infection(x) with a probability of P inf ; P ' + = {x}; } P (t + 1) = Top(µ-1,P ') + Top(1,P (t)); }
Initial population
The initial population in this paper is generated using Homberger and Gehring's method of insertion [13] . The heuristics for inserting customers into a route for the VRPTW was introduced by Solomon [1] .
Heuristics: The feasibility of inserting a customer into a route is checked by inserting the customer between all the links on the current route and then selecting the link that has the lowest additional cost of insertion. A feasibility check is done to examine all the constraints including time windows and load capacity. Only feasible insertions will be accepted. When the current route is full without any new customers being accepted, the heuristics will start a new route.
The procedure for generating the initial population with the proposed method involves seven steps.
Step1 Select a customer at random and generate a route which consists only of that customer. Step2 Choose either clockwise or counterclockwise rotation at random, and select the customer who is in that direction. Step3 Insert the customer into the route according to the heuristics. Step4 Repeat Steps 2 and 3 until all the customers have been routed. Step5 Let this set of routes be an individual.
Step6 Repeat Steps 1 to 5 µ times.
Step7 Let this set of individuals be an initial population. 
Virus population
There may be two or more routes where a customer visited first are the same and a customer visited last are the same on all the routes in the population. In the case in Fig. 5 , route (1, 3, 4) on individual-1 and route (1, 2, 5, 4) on individual-2 are correspond to this. Let a route where the number of customers is maximum among them be a virus (e.g., route (1, 2, 5, 4) ). When the number of customers is the same, let a route with the shortest travel time be a virus. We regard all the viruses found until the current generation as a population of viruses. The viruses are updated whenever a new route is produced by mutation or modified Or-opt. Each virus consists of one route, while an individual consists of a set of routes that includes all customers.
The procedure for updating the virus is given below, where V k = (C k (1), . . . , C k (n k )) is the k-th virus in the population of viruses, V = {V k |k = 1, . . . , N virus } is the population of viruses, and N virus is the number of viruses (this is a variable). Here, T (V k ) is the travel time on V k and R j = (C j (1), . . . , C j (n j )) is a newly created route. Table 1 lists an example of the population of viruses. A blank table for all combinations of the first and last visited customers (for 10 customers, the combinations are (1, 2), (1, 3), (1, 4) , . . . , (9, 10) ) is prepared at the beginning of the VES procedure, and then a new Table 1 Example of virus population in 10 customers. Each line corresponds to a virus. C(1) and C(n k ) are respectively the first and the last visited customers, and n k is the number of customers with the virus virus is written in the blank or over the old virus by using the update-of-virus procedure. When the number of customers N cus is 1000, the linage in this table is N cus (N cus -1)/2 < 5 × 10 5 (this is not so large). No additional cost is incurred in maintaining this table, because the computational cost of the update-of-virus procedure can be negligibly small as compared with that for creating a new route. Figure 6 shows an example of viral infection. In this case, the virus is the Route-3 in Fig. 2 . Let the upper individual in Fig. 6 be the individual before infection. If the first and the last visited customers on a route are the same as those on a virus (e.g. Route-3 in the upper individual). Then the virus infects the individual, and the customers (4, 20, 3) are substituted for (8, 12) . Consequently, the individual after infection is the lower individual. And finally, customer 3 is deleted from Route-2 so as to correct the duplication.
Procedure update-of-virus()
N ' = N virus ; for(k = 1; k <= N virus ; k + +){ if(C j (1)=C k (1) and C j (n j ) = C k (n k )){ if(n j > n k or (n j = n k and T (R j ) < T (V k ))) {V = V --{V k }+{R j };} } else {V = V +{R j }; N '++; } } N virus = N ';C(1) C(n k ) n k Travel time
Infection
Individuals are infected after the modified Or-opt operation with an infection probability of P inf . The procedure is as follows. Procedure Infection() Select a route R j from the individual randomly;
Move or delete customers; /* see follows */ } The operation "move or delete customers" in the above procedure is done as follows: if there are customers that are included in V k and not included in R j , then delete those customers from the other routes, and if there are customers that are not included in V k and included in R j , then insert those customers into the other routes according to the following procedure.
Step1 Select a customer from the non-visited customers at random. Step2 List the routes that the customer can be inserted so that the time window constraints may be satisfied. Step3 If there is not such a route, then the infection procedure to this individual is canceled. Step4 Select the route from the list so that the total travel distance of the individual may be minimized when the customer is inserted into the route. Then insert the customer into the route. Step5 Repeat steps 1 to 4 for all non-visited customers.
Experiments with Solomon's benchmark
Experimental method
To evaluate how well the proposed method performed, we conducted two experiments using benchmark problems with 1000 customers (extended Solomon's VRPTW instances [23] ). The problems were classified into six types according to the distribution of customers and time-window constraints as listed in Table 2 . All six problems had three parts: the type of problem, the number of customers divided by 100, and the sequential number (e.g., c1 10 1). Homberger and Gehring minimized the number of vehicles (routes) by obtaining the ES and the total travel cost using a tabu search [13] . Here, we only tried to minimize the number of vehicles by using the VES, as the purpose of this study was to improve the ES. In addition, the experiments were done under conditions of µ = 10 and λ = 20, using the Pentium 4 Northwood (3.2 GHz). 
Experimental results
We first compared the computational time for the proposed method with infection (VES) and without infection (ES). The time required for the number of vehicles to decrease to N 10 was measured for 12 benchmark problems. Table 3 lists the average of 10 trials for these indicated by Time. In this table, the ratio means (Time(ES)-Time(VES))/Time(ES), N 10 is the number of vehicles definitely obtained through the 10 trials (the worst value in the best value for each trial), and N init is the best value in the initial population of VES. Here, N ref is the best value found by 2007 [23] . The infection probability, P inf = 25%, was determined by conducting preliminary experiments. We can see from the table that the computational times were improved in 10 of the 12 problems by using viral infection.
Next, the number of vehicles in the best individual in the population at the 10000-th generation was evaluated using the problems for types C1, R1, and RC1 to investigate the probability of obtaining a good solution. Tables 4 to 6 list their frequency distributions in 100 trials when P inf = 0, 25, 50, 70, and 100%. The best value for C1 and R1 (i.e., N ref = 100) was obtained and the probability of obtaining the best val- Table 4 Frequency distribution of number of vehicles in 100 trials for problem of C1 10 1 (N ref = 100) Number of vehicles Infection probability 0%  25%  50%  75%  100%  100  26  57  71  85  83  101  40  36  27  12  16  102  20  6 25%  50%  75%  100%  92  0  2  0  3  5  93  12  23  22  30  32  94  47  40  52  43  37  95  29  25  19  19  22  96  12  10  6  5  2  97  0  0  1  0  2 ue was highest when P inf = 75 or 100% for C1 and 100% for R1. The best value for RC1 (i.e., N ref = 90), on the other hand, was not obtained. However, comparing the frequency where good solutions were obtained (e.g., the number of vehicles is less than 94), the frequencies were larger when P inf > 0 than when P inf = 0. These results prove the effectiveness of viral infection in VRPTWs.
Experiments with real-world problems
Application to real-world problems
Map database and traffic data
To evaluate the proposed method in a real-world environment, we applied it to the VRPTW on the standard map database that is used in actual car navigation equipment. The map includes all drivable roads in Japan, and its format was developed and established by the Navigation System Researchers' Association [27] .
Historical time-series traffic data were used to evaluate the travel time of each vehicle. In Japan, traf- fic meters are installed at more than 20,000 locations along principal roads throughout the country. These meters measure the average travel time of cars passing through specific road intervals (links) in 5-minute intervals. The data so obtained is collected at a traffic information center and provided to subscribers in real time. Figure 7 shows an example of time-series traffic data. The vertical axis represents the average speed of cars on a link calculated directly from the traffic data. In addition, traffic data of links in which no traffic meters are installed were interpolated by using fuzzy clustering, which we have already proposed.
Calculation of travel time
A search algorithm is needed to calculate the distance between two customers on a real world map, while the distance in benchmark problems is given as a straight line. In this paper, the Dijkstra algorithm was used for this purpose. Routes between two arbitrary customers on the map were decided before solving the VRPTW to avoid duplicating the calculation. Therefore, the route between the two customers was fixed.
On the other hand, the travel time on the route was constantly changing and was used in solving time window constraints. It can be calculated by the traffic data as follows. Let T i (t) be the travel time at time t of link
where D is a depot and L i is a link between nodes N i−1 and N i . Figure 8 shows the relationships between these quantities, so the travel time along route R can be written as follows:
where, t i−1 = t 0 for i = 1 Figure 9 shows the map of the central part of Tokyo, which was the target area of this experiment. This is the most congested area in Japan. The map includes 58,222 links and 19,963 nodes. The travel time of each vehicle was calculated from the historical traffic data on June 17, 2003. VRPTWs in the real world were generated as follows. The number of customers was 200, and the distribution of customers was cluster or uniform. The maximum capacity of each vehicle was set to 200, and the demand of each customer was set at random in the range of 10 to 40 with reference to the benchmark problems.
Experimental methods
The time windows adopted in the actual transportation company are as follows. TW1 = 8:00 to 12:00 (4 hours) TW2 = 12:00 to 14:00 (2 hours) TW3 = 14:00 to 16:00 (2 hours) TW4 = 16:00 to 18:00 (2 hours) TW5 = 18:00 to 20:00 (2 hours) TW6 = 20:00 to 21:00 (1 hour) These were divided into the three groups, and the vehicle routing was actually carried out within each group, that is to say the whole of the day's schedule was not necessarily performed; group 1 consisted of TW1 and TW2, group 2 consisted of TW3 and TW4, and group 3 consisted of TW5 and TW6. Group 1 was used in the experiment, and a time window for each customer was randomly chosen. The rate of the customer with the time window was set to 50%.
These parameters and other conditions are listed in Table 7 . is because the computational costs of them were made the same. Figure 10 shows the routes of all vehicles for cluster distribution. In this figure, the red circle indicates the central depot and white circles indicate customers. This is an elite individual when performing 1000 generations of the VES. The number of vehicles obtained was 26, and the reduction of the number from the initial population was not completed. Figure 11 shows the corresponding routes for uniform distribution. The number of vehicles obtained was 26, and the reduction of the number was not completed, either. The reason of this can be as follows. In the benchmark problems, time-window constraints were set at random for all day, and they were difficult to solve. In real-world problems with two time windows, time constraints were relaxed, and the number of vehicles obtained by the insertion method may be the optimal solution. Figure 12 shows the evolution processes for the ES and the VES. The horizontal axis represents the computational time when using the Pentium 4 Northwood (3.2 GHz). The vertical axis represents the total travel distance. We can see that the rate of search of the proposed method is higher than that of the conventional ES.
Experimental results
Conclusions
We proposed a new solution to VRPTWs with an ES adopting viral infection. Experimental results using extended Solomon's benchmark problems with 1000 customers proved that the proposed ES is superior to conventional ESs in both its rates of searches and the probability of obtaining good solutions. Further experiments using the map of the central part of Tokyo with 20000 intersections and real traffic data also gave that the rate of search of the proposed method is higher than that of the conventional ES.
The present method promotes evolution by using partial solutions obtained in the process of evolution. Infection plays a role in building schemata that mutation does not, and infection does not need any complicated chromosome representations to avoid lethal genes that crossover needs. Consequently, the combination of infection and mutation can be useful for a wide variety of NP-hard problems.
